KOREA

UNIVERSITY

Introduction

Graph Structure in a Korean Travel Record Dataset

Graph Foundation Models
 Trained on diverse graph data to capture graph patterns
« Expected transfer across different domains and applications

Research Hypothesis
GFMs will perform well on travel recommendation task by

exploiting the inherent bipartite graph structure in the dataset.

Travel Recommendation Task: Problem Definition

« UsersetU = {u,, -, u,}, with feature X,, for each user u
« DestinationsetD = {d,:--,d,,}

(1 ifuser u; visited dest. d;

» Visit matrix vV € {0,1}*™ where v;; =

0 otherwise
e Goal: learn a recommendation function from U, D,V

- How: arg”top—k” f(u,, d) where f: UxD - R a score function
deD

 By: error-based metrics (MSE, MAE), ranking metrics (P@k, R@k)
GFM Model (GraphAny [1]) - Loss Function
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Feature Reconstruction L2 Loss Adjacency Prediction BCE Loss

Model Comparison

Vector-based

Graph-based

Info. Flow Unrestricted Limited Direct mappin
‘ multi-hop neighborhood PINg
Relations All possible paths Local connections Point-to-paint
mappings
Complexity Exponential growth Linear growth Constant
Model GCN [2] VAE [5]
Name GraphAny [1] GraphSAGE [3] S-VAE [6]
Node2Vec [4] AE [7]
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Empirical Validation

Investigating the Limits of Graph Foundation Model
In Real-World Travel Recommendation Systems

Recommendation Performanceatk =5

Method Model MSE (J/) MAE (J/) P@5 (1) R@5 (1)
GFM GraphAny 20.9747 2.3957 0.9716 0.0008 0.0013
GCN 13.2601 1.9900 0.9813 0.0128 0.0211
Graph-based GraphSAGE 16.0332 2.4205 0.9674 0.0001 0.0002
Node2Vec  20.1005 2.3473 0.9726 0.0009 0.0016
VAE 8.4498 1.7581 0.9826 0.0022 0.0037
Vector-based B-VAE 13.5527 2.1140 0.9763 0.0012 0.0022
AE 1.095 0.7028 0.9938 0.0331 0.0592

Sensitivity to Top-k Parameter

Method Model

P@5 (1) P@10(1T) P@20(1T) R@5(T) R@10(1T) R@20(1)

GFM GraphAny 0.0008 0.0008 0.0008 0.0013 0.0026 0.0057
GCN 0.0128 0.0121 0.0118 0.0211 0.0385 0.0735

Graph-based GraphSAGE 0.0001 0.0001 0.0001 0.0002 0.0006 0.0011
Node2Vec 0.0009 0.0008 0.0008 0.0016 0.0028 0.0058

VAE 0.0022 0.0022 0.0019 0.0037 0.0073 0.0127

Vector-based B-VAE 0.0012 0.0013 0.0012 0.0022 0.0042 0.0081
AE 0.0331 0.0180 0.0100 0.0592 0.0641 0.0713

Graph-based Models: Sensitivity to Info. Flow Parameters

___Model | ____Range | MSE(Y) | MAE(J) | P@5(1) | R@5(1) _

1-hop 16.1004 2.2242 0.0443 0.0927

GCN 2-hop 14.9774 2.1022 0.0190 0.0373
3-hop 15.2528 2.1256 0.0118 0.0247

Walk-5/Context-3 19.581 2.3366 0.0148 0.0294

Node2Vec Walk-10/Context-5 23.2161 2.4858 0.0021 0.0046
Walk-20/Context-10 22.4065 2.4805 0.0016 0.0032

Discussion & Conclusion

Discussion: Graph-based models are sensitive to info. flow params
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Conclusion
Graph-based methods backfired in travel recommendation task.
Also, GFMs may need more than inherent graph structure of
target dataset to perform well across diverse tasks.
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